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Precise agricultural yield prediction is among the most important tools for
managing agricultural resources, improving food security, and enhancing the productivity of international
trade in agricultural products. The satellite remote sensing images has become widely adopted because
traditional methods cannot provide the needed accurate and timely predictions, and it covers large areas
while providing accurate data. The advances in machine learning and ensemble learning have identified
the complex interaction of environmental variables with crop yield. In modern times, ensemble learning
models have achieved much higher prediction accuracy and provided useful insights to farmers and policy
makers.

This study aims to develop an innovative model that combines the XGBoost algorithm with the Pelican
Optimization Algorithm (POA) to predict corn yields more accurately in the U.S. Midwest. The approach
will provide an opportunity for the pre-harvest yield prediction by considering the plant phenological
stages and optimal time range from July to August. The model will help the decision-makers to take
effective measures on resource management to overcome the climate fluctuations and develop better
agricultural policies.

This research focuses on predicting corn yields in five key corn-producing states
in the U.S. Midwest (Illinois, lowa, Minnesota, North Dakota, and South Dakota). This paper will utilize
remote sensing information, including NDVI (Normalized Difference Vegetation Index), EVI (Enhanced
Vegetation Index), LAI (Leaf Area Index), FPAR (Fraction of Photosynthetically Active Radiation), GPP
(Gross Primary Production), and ET (Evapotranspiration); meteorological data, including temperature and
precipitation; cropland data; and yield statistics during the growing season over the period 2011-2020
(May to September). XGBoost ensemble learning was used, whose hyperparameters were optimized with
the Pelican Optimization Algorithm (POA) to enhance its accuracy. Filtration was performed on data using
the VFlindex. Nine years were used as training data, while one year was used as a test. For evaluating the
performance, MAPE, MBE, MAE, RMSE, and the correlation coefficient have been used.

The evaluation results of the POA-XGBoost model demonstrated its outstanding performance

in predicting corn yields. During the 2011-2020 timeframe, validation trends highlighted variations in
prediction accuracy and bias. In the first period, which includes 2011-2014, the errors went down and
the prediction accuracy improved: MAPE reached 6.26%, while in 2014 the correlation coefficient
increased to 0.9372. During the middle period of 2015-2018, the errors and positive bias showed an
upward trend, especially during 2018, where MBE rose to 0.8039 and the correlation coefficient fell to
0.8083. However, the last two years (2019-2020) revealed much improved results: MAPE comprises
6.57%, while the correlation coefficient is as high as 0.9237 in 2020.
The optimized POA-XGBoost model demonstrated high capability in predicting corn yields
under diverse climatic conditions and can be extended to forecast other crops in the future. Advanced
ensemble learning techniques combined with diverse data sources, such as satellite imagery and
meteorological data, provide effective solutions for improving crop yield predictions. The study calls for
the development of new hybrid models that will enable farmers and managers to better manage
resources, increase productivity, and minimize risks.
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Algorithm 2. Pseudo-code of POA.
Start POA.
Input the optimization problem information.
Determine the POA population size (N) and the number of
iterations (T).
Initialization of the position of pelicans and calculate the
objective function.
Fort=1:T
Generate the position of the prey at random.
For|=1:N
Phase 1: Moving towards prey (exploration phase).
Forj=1:m
Calculate new status of the jth dimension.
End.
Update the ith population member.
Phase 2: Winging on the water surface (exploitation phase).
Forj=1:m.
Calculate new status of the jth dimension.
End.
Update the ith population member.

Algorithm 1. Pseudo-code of XGBoost
Input: instance set of current nodes
Input: feature dimension

Jp)=0

G = 9: H =Z h;
iel iel
Fork = 1tondo

G,=0H, =0
For jin sorted do
GL=GL+ngL=HL+hj
Gr=G+G Hy=H+H,
score = max(score, ] (p))
End
End
Output: Split with max score

POA o5/
8y elel oS Canl wiadisn (g E1E (g, S POA 65l
390 Silwdingy Plaw Jo sl g 0l ()b SIS plSs Lo L
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Table 2: VFI values of selected variables (may to september) against corn yield,
2011-2020
o=l P8 pd laosls
VIF Data
- NDVI
3.9465 EVI
2.9043 LAl
- FPAR
4.3388 GPP
- ET
2.6517 SM
1.2709 PPT
- TMAX
1.7678 Tmin
- TMEAN
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Output best candidate solution obtained by POA.
End POA.
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Table 3: Correlation coefficients between selected variables and corn yield considering monthly combinations, 2011-2020

GS JAS JIA MJJ AS JA 1 Ml Sep Aug Jul Jun May
0.788 0.778 0.864 0.647 0.839 0.839 0.739 0.349 0.228 0.706 0.830 0.481 -0.015 EVI
0.521 0.626 0.580 0.290 0.651 0.652 0.372 -0.113 0.147 0.617 0.530 -0.008 -0.261 LAl
0.698 0.749 0.754 0.542 0.761 0.762 0.638 0.074 0.392 0.705 0.706 0.190 -0.087 GPP
0.501 0.436 0.449 0.425 0.421 0.421 0.369 0.308 0.266 0.334 0.320 0.218 0.236 PPT
0.383 0.360 0.314 0.301 0.209 0.209 0.284 0.378 0.472 0.323 0.057 0.459 0.293 Tvin
0.556 0.578 0.550 0.513 0.562 0.563 0.536 0.463 0.550 0.536 0.565 0.479 0.423 SM

POA-XGBOOSst iyl ;o oulass JlB gl yial )y olie i Jou
Table 4: Tunable parameter values in the poa-xgboost algorithm

Usage | oolaiuwl J=o

Values | abgs o polie

Adjustable parameter | .o LB )l

XGBoost iy ;6!
XGBoost @iy 63!
XGBoost iy ;6!
XGBoost iy 63!
POA @ ,55!
POA 55l

20-400 n_estimators
3-18 max_depth
0-9 gamma
0-1 learning_rate

30 adgl Comex
10 [JES RS
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Table 5: Summary statistics of validation from 10 rounds of testing for corn yield during july to august (major production period), 2011-2020

R MAPE RMSE MAE MBE Lmuj& Sl
Number of samples
0.8499 0.1004 1.1010 0.8933 0.1242 370 2011
0.8865 0.1995 1.2944 0.9704 -0.0319 361 2012
0.9067 0.0704 0.8444 0.6489 0.0067 347 2013
0.9372 0.0626 0.8102 0.6159 0.0066 349 2014
0.9097 0.0631 0.8841 0.6561 0.0862 333 2015
0.8984 0.0712 1.0081 0.7760 0.2176 356 2016
0.9071 0.0870 1.1113 0.9355 0.4457 341 2017
0.8083 0.0837 1.3113 1.0340 0.8039 290 2018
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R MAPE RMSE MAE MBE
Number of samples

0.8205 0.0790 1.0653 0.8785 0.1667 264 2019
0.9237 0.0657 0.8372 0.6434 -0.0720 360 2020
0.8848 0.0883 1.0267 0.8052 0.1754 S

Average
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